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Abstract: Underground coal mining Atmospheric Monitoring Systems (AMS) have been implemented for real-time or near real-time monitoring and evaluation of the mine atmosphere and related
parameters such as gas concentration (e.g., CH4 , CO, O2 ), fan performance (e.g., power, speed),
barometric pressure, ambient temperature, humidity, etc. Depending on the sampling frequency,
AMS can collect and manage a tremendous amount of data, which mine operators typically consult
for everyday operations as well as long-term planning and more effective management of ventilation
systems. The raw data collected by AMS need considerable pre-processing and filtering before
they can be used for analysis. This paper discusses different challenges related to filtering raw
AMS data in order to identify and remove values due to sensor breakdowns, sensor calibration
periods, transient values due to operational considerations, etc., as well as to homogenize time series
for different variables. The statistical challenges involve the removal of faulty values and outliers
(due to systematic problems) and transient effects, gap-filling (by means of interpolation methods),
and homogenization (setting a common time reference and time step) of the respective time series.
The objective is to derive representative and synchronous time series values that can subsequently
be used to estimate summary statistics of AMS and to infer correlations or nonlinear dependence
between different data streams. Identification and modeling of statistical dependencies can be further
exploited to develop predictive equations based on time series models.
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1. Introduction
In recent years, the monitoring of atmospheric conditions in underground coal mines
has considerably improved due to technological advances in different areas such as machine
learning, the internet of things (IoT), electronics, and data transmission, among others.
As a result, Atmospheric Monitoring Systems (AMS) used in underground coal mines
operations can collect and store big datasets; large mine operations can generate more than
100 GB of data annually [1]. Mine operators typically utilize these data to manage everyday
operations and for more effective and efficient management of ventilation systems as well
as for long-term planning [2,3]. In addition, the raw data regarding mine atmosphere and
related parameters collected by AMS can be used to develop forecasting models for toxic
and explosive gases in underground coal mines based on time series models. However,
prior to conducting any analysis, the collected data need to be pre-processed, i.e., cleaned,
filtered, and homogenized.
Real-world databases are generally inconsistent or incomplete. As a result, information
may be missing and/or existing data may not be accurate, which directly affects the
outcomes of forecasting models, including time series models [4]. Data pre-processing
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in the underground coal mining industry in the United States, respectively [16]. Dealing
with coal mine methane involves understanding and identifying the critical parameters
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that influence methane emission and hazardous accumulations such as coal production,
atmospheric pressure, humidity, air velocity, and fan performance [1–3].
3. Coal Mine Methane Forecasting Methods
Methane gas forecast techniques can be categorized mainly into three groups depending on the scientific method implemented. The first group consists of methods that are
based on empirical data and expertise to forecast methane gas emissions. The second group
includes numerical forecasting methods; it comprises methodologies that solve physical
models represented mathematically by a set of equations. Finally, the third approach is
based on collecting, pre-processing, processing, and analyzing raw data using statistical
techniques, also known as the statistical approach [3,15,17].
Empirical and numerical methane forecasting methods are expensive, time-consuming,
and limited to a specific location and mine. In addition, they are directly affected by the
combination of natural and technical factors that influence methane gas behavior in each
particular case, such as geological conditions of the surrounding rock and mined coal seams
(e.g., fractures, amount of methane concentrated and emitted), technical specifications of
the mining process (e.g., mining method, advance rate, mine depth, ventilation system).
In contrast to empirical and numerical methods, statistical forecasting techniques
(such as time series models) are less expensive and faster. Most importantly, they can be
easily generalized because they are based on analyzing and interpreting historical data
rather than the physical processes and the relevant factors (mine operation, geological
setting) that influence methane emissions [3].
4. Case Study
The atmospheric monitoring data were collected from an active underground longwall
coal mine located in the eastern USA, renamed Mine A, due to confidentiality reasons. The
dataset consists of methane concentration measurements collected by sensors at a number
of exhaust shafts as well as daily production values (tons/day) that could be attributed to
each shaft. Data records are available for several years. The work presented in this study is
based on data from two shafts only (B and D). In addition, a python routine was developed
to download meteorological data (i.e., barometric pressure, temperature, humidity, among
others) from a public weather station in proximity to Mine A (Weather Underground (WU))
that provides real-time weather information online. Barometric pressure (BP) data were
also provided by sensors available at the mine location. Table 1 summarizes the data used
for this research and the measurement frequency for each parameter.
Table 1. Description of collected data–Shafts B and D.
Source
Shaft B
Shaft D
Nearest public
weather station
Mine weather
station

Parameter
Coal production
Methane concentration
Coal production
Methane concentration
Barometric pressure,
temperature, etc.
Barometric pressure

Approx.
Frequency

Approx. Data
Points

Units

Daily
Hourly
Daily
Hourly

1800
50,000
1800
45,000

Tons
%
Tons
%

Hourly

81,000

InWG

Every 10 s

3 mil/year

InWG

Mine A and WU data were populated into a custom relational database known as
AMANDA, which stands for Atmospheric Monitoring Analysis and Database mAnagement. AMANDA has been designed explicitly for AMS data. It has many subsystems such
as data analysis, validation and storage, data reporting, and visualization. For example,
the two plots in Figure 2 illustrate a visualization of BP for a five-day interval and the
corresponding variation of CH4 emissions for the same five-day interval. In addition,
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5. Results and Discussion
The BP
values
collected at the public weather station were compared to the values
5. Results
and
Discussion
collected
at
the
mine
(Figure at
3). the
Thepublic
correlation
between
twocompared
data streams
was
very
The BP values collected
weather
stationthe
were
to the
values
high. For example, for the 30-day interval shown in Figure 3, the Pearson correlation was
collected at the mine (Figure 3). The correlation between the two data streams was very
R = 0.99. Thus, it was decided to use the regional BP instead of BP mine data since the
high. For example, for the 30-day interval shown in Figure 3, the Pearson correlation was
former data stream was of higher quality (i.e., fewer missing points).
R = 0.99. Thus, it was decided to use the regional BP instead of BP mine data since the
Figure 4a presents a superposition of methane gas concentration, coal production,
former data stream was of higher quality (i.e., fewer missing points).
and BP for 180 days for shaft B. Figure 4b presents a similar plot but only for methane gas
concentration and BP for a different 180-day interval for the same shaft. The latter figure
indicates that there are still methane emissions even without production due to already
mined-out areas and/or exposed pillar ribs of all the development entries and crosscuts.
Initially, the analysis concentrated on time periods where production was zero to
analyze the effect of BP on methane emissions and develop a baseline. Then, several such
time periods were identified, and the respective data streams were analyzed separately.
Figure 5 includes four plots (a to d) that correspond to a segment of 250 days of data
collected from shaft B. Figure 5a shows a plot of raw data for methane gas concentration
and BP. Figure 5b illustrates the application of the interpolation function so that the two
data streams acquire a common reference timestamp. Each of the two plots in Figure 5b
shows the raw data and the interpolated data. Figure 5c shows the daily median (of the
data shown in Figure 5a) as a representative value for each data stream. The scatter plot in
Figure 5d exhibits a strong correlation between methane gas concentration and BP with a

Mater. Proc. 2021, 5, 78

5 of 9

Mater. Proc. 2021, 5, 78

5 of 9

Mater. Proc. 2021, 5, 78

linear correlation coefficient R = −0.77. The negative sign of the correlation indicates that
5 of 9
when BP drops, methane concentration tends to increase.

Figure 3. Superposition of BP from the mine and regional stations for a period of 30 days.

Figure 4a presents a superposition of methane gas concentration, coal production,
and BP for 180 days for shaft B. Figure 4b presents a similar plot but only for methane gas
concentration and BP for a different 180-day interval for the same shaft. The latter figure
indicates
that there are still methane emissions even without production due to already
Figure 3. Superposition of BP from the mine and regional stations for a period of 30 days.
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Figure 4a presents a superposition of methane gas concentration, coal production,
and BP for 180 days for shaft B. Figure 4b presents a similar plot but only for methane gas
concentration and BP for a different 180-day interval for the same shaft. The latter figure
indicates that there are still methane emissions even without production due to already
mined-out areas and/or exposed pillar ribs of all the development entries and crosscuts.
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Data visualization
visualization in
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AMANDA (a)
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Barometric pressure,
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(b) Barometric pressure and methane concentration for 180 days.

Initially, the analysis concentrated on time periods where production was zero to
analyze
the effect of BP on methane emissions and develop(b)
a baseline. Then, several such
(a)
time periods were identified, and the respective data streams were analyzed separately.
Figure 4. Data visualization in AMANDA (a) Barometric pressure, methane concentration, and production for 180 days
Figure 5 includes four plots (a to d) that correspond to a segment of 250 days of data
(b) Barometric pressure and methane concentration for 180 days.
collected from shaft B. Figure 5a shows a plot of raw data for methane gas concentration
and BP. Figure 5b illustrates the application of the interpolation function so that the two
Initially, the analysis concentrated on time periods where production was zero to
analyze the effect of BP on methane emissions and develop a baseline. Then, several such
time periods were identified, and the respective data streams were analyzed separately.
Figure 5 includes four plots (a to d) that correspond to a segment of 250 days of data
collected from shaft B. Figure 5a shows a plot of raw data for methane gas concentration
and BP. Figure 5b illustrates the application of the interpolation function so that the two
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data streams acquire a common reference timestamp. Each of the two plots in Figure 5b
shows the raw data and the interpolated data. Figure 5c shows the daily median (of the
data shown in Figure 5a) as a representative value for each data stream. The scatter plot
in Figure 5d exhibits a strong correlation between methane gas concentration and BP with
6 of 9
a linear correlation coefficient R = −0.77. The negative sign of the correlation indicates that
when BP drops, methane concentration tends to increase.

Figure5.5. (a)
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Rawdata,
data,(b)
(b)raw
rawand
andinterpolated
interpolateddata,
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(c)daily
dailymedian
mediandata
data(d)
(d)correlation
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mediandata
datafor
foraa
Figure
specific
data
segment.
specific data segment.
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Figure 6 shows the plot of the cross-correlation function between the barometric
Figure 6 shows the plot of the cross-correlation function between the barometric prespressure and the methane gas concentration for this segment for various time lags (shown
sure and the methane gas concentration for this segment for various time lags (shown
along the horizontal axis). The cross-correlation at zero lag is ~−0.77, in agreement with
along the horizontal axis). The cross-correlation at zero lag is ~−0.77, in agreement with
the value shown in the scatter plot of Figure 5d. Note that negative values of the crossthe value shown in the scatter plot of Figure 5d. Note that negative values of the crosscorrelation between the two variables persist even for lags of several days. The presence
correlation between the two variables persist even for lags of several days. The presence
of such correlations signals that the barometric pressure could be used to forecast the
of such correlations signals that the barometric pressure could be used to forecast the 7meof 9
methane gas concentration (provided that the existence of such correlations is systematically
thane gas concentration (provided that the existence of such correlations is systematically
observed between the two variables).
observed between the two variables).

Figure 6. The plot of the cross-correlation
cross-correlation function between the barometric pressure and
and methane
methane
gas
concentration.
The
horizontal
axis
represents
the
time
lag
between
the
two
variables,
and the
the
gas concentration. The horizontal axis represents the time lag between the two variables, and
vertical
axis
represents
the
cross-correlation
values.
vertical axis represents the cross-correlation values.

Figure 7 includes four plots (a–d) corresponding to a segment of 180 days of collected
data from Shaft B. This is a different time segment than the one analyzed in Figure 5.
Figure 7a shows a plot of the raw data for methane gas concentration and BP. Figure 7b
illustrates the application of the interpolation function so that the two data streams acquire a common reference timestamp. Figure 7c shows the daily median (of the data
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Figure 6. The plot of the cross-correlation function between the barometric pressure and methane7 of 9
gas concentration. The horizontal axis represents the time lag between the two variables, and the
vertical axis represents the cross-correlation values.
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This is due to the presence of two data clusters (Figure 7d) which is attributed to the
sudden drop of methane values around day 880 (see Figure 7a) without a corresponding
change in BP. It is highly likely that the drop in methane concentration is due to a change
in mine operations, the introduction of which changed the baseline correlation between
methane gas and BP. This behavior illustrates that the methane gas concentration does
not depend solely on BP and that more advanced multivariate analysis methods should
also be investigated. The sudden drop of gas concentration evidenced in Figure 7b may
indicate a necessity to segment data streams based on discontinuity points where large
drops or increases in gas concentrations occur. Another challenge is whether such “jumps”
can be statistically modeled and forecasted. If each data cluster is analyzed separately, the
negative correlation between BP and gas concentration is restored. However, the negative
correlations are weak.
6. Summary and Conclusions
This paper discusses challenges related to Atmospheric Monitoring Systems data
collection and storage facing the development of representative and synchronous time
series models. The latter could be used to estimate summary statistics of AMS and identify
correlations (linear or nonlinear) between different data streams with the ultimate goal of
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developing methane gas forecasting models based on time series analysis. The development
and deployment of such tools can help to improve mine health and safety.
Preliminary results and analysis of the time-series data collected over five years from
two shafts (B and D) of an active longwall mine in the eastern USA are presented. A notable
negative correlation between barometric pressure and methane gas concentration has been
identified. The presence of such correlations suggests that the barometric pressure could be
used to forecast the methane gas concentration in underground coal mines. Furthermore,
this research has shown that methane gas concentration does not depend exclusively on
barometric pressure. Therefore, more advanced multivariate analysis methods should also
be explored to determine potential factors and variables that are correlated (with negative
or positive coefficients) with methane concentration, such as daily production and changes
in mine operations.
The focus of future work will be to (a) collect data and develop import routines
from the atmospheric monitoring system and meteorological stations as well as filter and
homogenize such data from a second case study (Mine B), (b) develop and validate longterm relationship(s) between meteorological parameters and methane gas concentration (c)
investigate quantitative measures of statistical dependence between methane concentration
and mine operations.
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